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Graph theoryPrior studies demonstrate altered organization of functional brain networks in attention-deﬁcit/hyperactivity disor-
der (ADHD). However, the structural underpinnings of these functional disturbances are poorly understood. In the
current study, we applied a graph-theoretic approach towhole-brain diffusionmagnetic resonance imaging data to
investigate the organization of structural brain networks in adults with ADHD and unaffected controls using deter-
ministic ﬁber tractography. Groups did not differ in terms of global network metrics — small-worldness, global
efﬁciency and clustering coefﬁcient. However, there were widespread ADHD-related effects at the nodal level in
relation to local efﬁciency and clustering. The affected nodes included superior occipital, supramarginal, superior tem-
poral, inferior parietal, angular and inferior frontal gyri, as well as putamen, thalamus and posterior cerebellum.
Lower local efﬁciency of left superior temporal and supramarginal gyri was associated with higher ADHD symptom
scores. Also greater local clustering of right putamen and lower local clustering of left supramarginal gyrus correlated
with ADHD symptom severity. Overall, theﬁndings indicate preserved global but altered local network organization
in adult ADHD implicating regions underpinning putative ADHD-related neuropsychological deﬁcits.
© 2015 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Attention-deﬁcit/hyperactivity disorder (ADHD) is associated with
widespread but often subtle alterations in multiple brain regions affect-
ing brain function (Cortese et al., 2012). From a system's neuroscience
perspective ADHD is increasingly seen as the product of disturbances
in intrinsic organization of brain networks comprised of these regions
(Aboitiz et al., 2014; Konrad and Eickhoff, 2010; Menon, 2011; Ray
et al., 2014). Studies using functional magnetic resonance imaging
(fMRI) report altered intrinsic connectivitywithin and between networks
including the dorsal and ventral attention, salience (Mccarthy et al., 2013;
Sripada et al., 2014), and default mode networks (Castellanos et al., 2008;
Fair et al., 2010; Franzen et al., 2013; Mccarthy et al., 2013; Sripada et al.,
2014; Uddin et al., 2008). Structural connectivity studies are less common
and the extent to which these functional alterations are underpinned by
deep-seated structural effects remains to be determined (Cao et al., 2014).
DiffusionMRI (dMRI) is a powerful neuroimaging technique used to
examinemicrostructural brain properties and connections (Basser et al.,
2000; O'Donnell and Pasternak, 2014; Weyandt et al., 2013). In ADHD
there is evidence for alterations of white matter ﬁber tracts and struc-
tures encompassing inferior and superior longitudinal fasciculus,uskaite).
. This is an open access article undercingulum bundle, anterior corona radiata, internal capsule, forceps
minor, cerebellar tracts, thalamic radiation and isthmus of corpus
callosum (Kobel et al., 2010; Konrad et al., 2010; Makris et al., 2009;
Pavuluri et al., 2009; Peterson et al., 2011; Silk et al., 2009; Weyandt
et al., 2013; Zhang and Li, 2010), however, results lack consistency
(for reviews, see Cao et al., 2014; van Ewijk et al., 2012; Weyandt
et al., 2013). Region of interest (ROI) studies typically report lower frac-
tional anisotropy (FA; a measure of white matter integrity) in ADHD,
while whole-brain studies ﬁnd the opposite result (Ashtari et al.,
2005; Davenport et al., 2010; Konrad et al., 2010; Nagel et al., 2011;
Zhang and Li, 2010), perhaps because these include a larger set of
brain regions containing so-called “crossing ﬁbers”.
Graph theory, which is a branch of mathematics focusing on the for-
mal characterization and analysis of graphs (i.e., mathematical struc-
tures for modeling pairwise object relationships), has been recognized
as an informative approach to investigate brain networks (Bullmore
and Sporns, 2009; Griffa et al., 2013; Xia and He, 2011). It represents
the brain as a formal graph comprised of a selection of nodes (vertices)
and inter-nodal links (edges). Nodes represent anatomical brain regions,
while edges describe theproperties of the connections (e.g., functional, ef-
fective or structural). Structural connections between brain areas (nodes)
parallel white matter tracts and are effectively reconstructed using dMRI
(Hagmann et al., 2008; Rubinov and Sporns, 2010; van den Heuvel and
Sporns, 2011). Graph theoretic analysis suggests compromised brainthe CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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et al., 2010), schizophrenia (vandenHeuvel et al., 2010), and autism spec-
trum disorder (Rudie et al., 2012)). With regard to ADHD, Cao et al.
(2013) found reductions in both global (lower global efﬁciency and higher
shortest path length) and local efﬁciency (in left parietal, left frontal and left
occipital cortices) in a sample of drug-naive boys (8–14 years) with
ADHD. Ray et al. (2014) found that children with ADHD (7–13
years) had lower internal, but higher external rich-club connectivity
(i.e., highly connected regions that are also very highly connected
between them).
The current study is the ﬁrst to extend the graph theory approach to
study structural brain network organization in adult ADHD. Based on
the ﬁndings from studies with children, we predicted that adults with
ADHDwould exhibit both global (e.g., clustering coefﬁcient, characteristic
path length) and local network disruptions (speciﬁcally in frontal, parietal
and occipital cortices) and that these would be correlated with ADHD
symptom severity.
2. Methods
2.1. Participants
Eighteen adults with ADHD (12 combined and 6 inattentive type)
and 21 healthy controls participated. The study was approved by the
medical ethics committee of Ghent University hospital. Participants
gave informed consent before participation and received amonetary re-
ward afterwards. All participants with ADHD had an ofﬁcial clinical di-
agnosis of ADHD, as well as a research diagnosis of ADHD conﬁrmed
by the DSM-IV-based structured Diagnostic Interview for Adult ADHD
(DIVA; Kooij and Francken, 2010). They also scored above the cut-offs
on childhood and adulthood ADHD self-report questionnaires: The
Wender Utah Rating Scale (WURS; Ward et al., 1993); M = 63.66;
SD = 14.21; cut-off for childhood ADHD — the score higher than 46
and a DSM-based self-report questionnaire on problems of inattention
and hyperactivity in adulthood and childhood (Kooij and Buitelaar,
1997) — adults with ADHD had to exhibit at least 4 symptoms in the
inattentinve and/or hyperactive/impulsive domain to meet the adult-
hood ADHD criteria. Additionally, ADHD symptom severity was mea-
sured with the DSM-oriented ADHD scale of the Adult Self-Report
(ASR; Achenbach and Rescorla, 2003;M= 77.83, SD= 8.99). None of
the controls qualiﬁed for ADHDbased on the scores of any of these ques-
tionnaires (WURS:M=26.95, SD=12.70; ASR:M=54.19, SD=4.44).
All participants had a normal or above normal full scale IQ (N80) de-
rived from a seven subtests version of the Wechsler Adult Intelligent
Scale (Ryan andWard, 1999). Nine participantswith ADHD taking stim-
ulant medication (8 – methylphenidate and 1 – dextroamphetamine)
refrained from use for at least 24 h prior to testing. Three ADHD partici-
pants were taking antidepressant medication, which they were allowed
to continue (2 – selective serotonin reuptake inhibitors and 1 –
buproprion chloride). Participants were excluded if they had a neu-
rological or psychiatric condition or a history of brain damage. All
participants had normal or corrected to normal vision. Four were
left-handed (1 ADHD).
2.2. Data acquisition
MRI data were acquired with a Siemens Magnetom Trio MRI system
(SiemensMedical Systems, Erlangen, Germany) operating at 3 T, using a
standard 32-channel head-coil. The participantswere positioned supine
head ﬁrst inside the scanner. Structural high resolution 1-mm3 T1-
weighted images were obtained using a magnetization prepared rapid
gradient echo sequence (MPRAGE); repetition time (TR) = 2300 ms;
echo time (TE) = 3.03 ms; inversion time = 1100 ms; ﬂip angle =
8°; ﬁeld of view (FoV) = 256. dMRI data were acquired using
diffusion-weighted spin-echo echoplanar imaging (TR = 7000 ms;
TE = 85 ms; ﬂip angle = 90°; matrix size = 128 × 128; slicethickness= 2mm; voxel size= 2 × 2 × 2mm3; 60 diffusion directions
with b = 1000 s/mm2; and additional 2 images without diffusion
weighting [i.e., b = 0 s/mm2]) covering the whole brain, with a total
acquisition time of 13 min.
2.3. dMRI data preprocessing
dMRI data were preprocessed using ExploreDTI version 4.8.3
(Leemans et al., 2009) employing: 1) correction for geometrical dis-
tortion, caused by eddy currents and subject motion; 2) diffusion
tensors calculations; 3) performance of dMRI data coregistration to
the MNI space. Subject-speciﬁc ﬁeld maps were not acquired in
the current study and thus, EPI distortion correction using subject-
speciﬁc ﬁeld maps was not run.
2.4. Whole-brain tractography and connectivity matrix construction
Deterministic streamline whole-brain tractography algorithm was
applied on our dMRI data. Fiber seeds were placed on a uniform grid
throughout the data at a 2 mm isotropic resolution. Fiber trajectory
(‘streamline’) reconstruction was initiated by following the primary
eigenvector which deﬁned the main diffusion direction. When the
ﬁber touched a voxel with an FA (ranging from 0 to 1) value b 0.2 or it
made a high angular turn (angle N 30°) compared to the neighboring
eigenvectors the tractography was terminated. The step size was set at
1 mm and only tracts with a minimum length of 50 mm were consid-
ered. Anatomical labeling atlas (AAL; Tzourio-Mazoyer et al., 2002),
which is a commonly used parcellation scheme to establish network
nodes (Cao et al., 2013; Hosseini et al., 2012; Zalesky et al., 2010), com-
prising 116 cortical and subcortical regions (58 for each hemisphere),
was employed to derive whole-brain ﬁber tracts. The labels and masks
of the AAL atlas were registered to the dMRI data using a nonlinear trans-
formation (Klein et al., 2010). Coregistration accuracy of the reconstruct-
ed data was visually inspected for every participant in three orthogonal
planes. This was done to ascertain that the registration was successful
and that no additional artifacts were introduce to the data.
The number of streamlines connecting each pair of the AAL atlas
regions was used to create a 116 × 116 connectivity matrix. Atlas-
parcellated regions represented network nodes and streamlines
connecting them represented network edges. Two regions were
assumed connected if a ﬁber originated from either of the two areas
and terminated in the other area. Furthermore, all non-zero weights
(i.e., all connections) were set to one and to zero otherwise (van den
Heuvel et al., 2010). The end result of this procedurewas anunweighted
binary network. Thus, for each participant, there were two different
kinds of white matter networks (‘streamline count’ and binary), each
of whichwas represented by a symmetric 116 × 116matrix. Binaryma-
trices were used in further graph analysis.
Of note, as a control analysis we also investigated matrices formed
by assuming that two regions were connected when a ﬁber originated
from either of the two areas and passed through the other area. The re-
sults using both end and pass matrices gave very similar results (Sup-
plementary material Table 1, 2).
2.5. Graph-theoretical analysis
The graph-theoretical analysis toolbox (GAT; Hosseini et al., 2012)
was employed. Global network metrics of interest included small-
worldness, normalized clustering coefﬁcient, normalized path length and
global network efﬁciency. Small-worldness represents the properties of si-
multaneous segregation and integration (Bassett and Bullmore, 2006).
Segregation represents local, and integration global processing capabil-
ity (Hosseini et al., 2013). A small-world network represents an ideal
combination of local and global information processing. Small-world
networks can be distinguished from other classes of networks
(e.g., random or regular) in terms of clustering coefﬁcient (C) and the
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cientmeasures the existing number of connections between the node
and its nearest neighbors as a ratio of all the possible connections
(Bullmore and Sporns, 2009). The network clustering coefﬁcient is the
average of clustering coefﬁcients across network nodes and characterizes
network segregation. Hence, the clustering coefﬁcient represents the
network's specialization in information processing (Hosseini et al.,
2013). The characteristic path length is ameasure of network integration
and reﬂects the shortest path length between all network node pairs.
Thus, the characteristic path length reﬂects the network's ability to dis-
tributed information processing (Rubinov and Sporns, 2010). Metrics
are compared to random graphmean values in order to evaluate the or-
ganization of a brain network. Small-world networks are characterized
by a clustering coefﬁcient higher than one of a randomnetwork,whereas
the characteristic path length is comparable to that from a random net-
work. Thus, the small-worldness (S) of a network is formally expressed
as follows: S=(C/Crand)/(L/Lrand)with a valueN 1. The global efﬁciency
(Eglobal), which is inversely related to path length, is also a measure of
network integration (Rubinov and Sporns, 2010).
Second, we examined the regional network measures, including the
nodal clustering coefﬁcient and local efﬁciency. The former is the ratio of
the sum of the weights across all complete triangles around the node
and the number of edges connecting the node. Furthermore, local efﬁ-
ciency is equivalent to the global efﬁciency computed for each node
(Sporns and Zwi, 2004). Finally, we also calculated betweenness central-
ity as a nodalmetric, which is deﬁned as the fraction of all shortest paths
in the network that pass through a given node. This measures the im-
portance of nodes to an overall network integrity. The nodes with the
largest betweenness centrality were considered pivotal network nodes
(i.e., hubs). Speciﬁcally, we considered a node a hub if its nodal between-
ness centrality was at least two SDs higher than the mean network
betweenness centrality.2.6. Statistical analysis
The GAT toolbox, which uses the routines of the Brain Connectivity
Toolbox (BCT; Rubinov and Sporns, 2010) to calculate different graph
metrics, was also used to estimate between group differences in differ-
ent network metrics. Namely, group networks were ﬁrst normalized
using the mean network density and then different graph metrics
were estimated for these networks. The statistical signiﬁcance of
group effects on graphmetrics were tested using a non-parametric per-
mutation test with 1000 repetitions (Bassett et al., 2008). In every rep-
etition the calculated regional data of every participant were randomly
allocated to one of the two groups so that each randomized group had
the same number of subjects as the initial groups, and for both random-
ized groups the association matrix was obtained (Hosseini et al., 2012).
The binary adjacency matrices were estimated thresholding at a range
of network densities and network metrics were calculated at each
density. The differences between randomized groups on different net-
works metrics were then calculated which resulted in a permutation
distribution of difference. Then the actual between group differences
on network metrics were put in the corresponding permutation dis-
tributions and two-tailed p-values were determined with respect to
their percentile position (Hosseini et al., 2012). Global and regional
graph metrics for each group were extracted using the GAT toolbox
applying the area under the curve (AUC) correction for multiple
comparisons. The GAT toolbox compares the AUCs for every graph
metric. All these curves depict a change in a particular graph metric
as a function of network density. The signiﬁcance testing of the be-
tween group differences in AUC of every graph metric is done by
placing the actual between-group difference in AUC for every net-
work metric in the corresponding permutation distribution and the
p-value is derived depending on its percentile position (Hosseini
et al., 2012).For adults with ADHD, Pearson correlation coefﬁcients between
structural network metrics and measures of ADHD symptom severity
indicated by self-report questionnaires were computed.
3. Results
3.1. Demographic data
The ADHD and control group did not differ on IQ (controls: M =
116.90, SD= 11.24; ADHD:M= 112.05, SD= 13.99, p = 0.238), age
(controls: M = 26.95 years, SD = 8.52; ADHD: M = 30.11 years,
SD = 9.78, p = 0.288), or male to female ratio (controls: 9 females;
ADHD: 9 females).
3.2. Global network metrics
Both groups showed small-worldness of brain organization and did
not differ in the three relevantmetrics (normalized clustering coefﬁcient:
γ N 1; normalized path length: λ ~ 1; small-worldness: σ N 1; γ: t(37) =
0.84, p=0.405; λ: t(37)= 0.62, p=0.539; σ: t(37)=0.80, p=0.425)
or in terms of global efﬁciency (t(37) = 0.60, p = 0.550) or clustering
coefﬁcient (t(37) =−0.35, p= 0.728; Fig. 1). Of note, we also investi-
gated the between group differences in global network metrics
thresholded at a range of densities (i.e., 0.13:0.01:0.07). The results
were consistent across different densities showing no group differences
in any of the global network metrics (see supplementary material
Fig. 1).
3.3. Local network metrics
3.3.1. Nodal efﬁciency
The ADHD group displayed left lateralized, signiﬁcantly lower local
efﬁciency in superior occipital gyrus, supramarginal gyrus, superior
temporal gyrus and posterior cerebellum (lobule VI) (see Table 1).
Nodal efﬁciency was signiﬁcantly greater right lateralized, in superior
occipital gyrus and inferior parietal gyrus in ADHD (see Table 1, Fig. 2).
3.3.2. Nodal clustering
Signiﬁcantly lower values for nodal clustering were observed in the
ADHD group left lateralized in superior occipital gyrus, supramarginal
gyrus, superior temporal gyrus, posterior cerebellum (lobule VI) and
right angular gyrus (see Table 2). ADHD-related signiﬁcantly higher
nodal clustering was observed in the right lateralized areas of inferior
frontal gyrus, superior occipital gyrus, putamen, thalamus and in left
inferior parietal gyrus (see Table 1, Fig. 2).
3.3.3. Hub analysis
Right superior frontal gyrus, bilateral precuneus, and left thalamus
were hubs in both groups. Of note, right putamen was also identiﬁed
as hub in the control group, but not in the ADHD group, while the oppo-
site was seen for right thalamus.
3.4. ADHD symptoms severity
Pearson correlation coefﬁcients were calculated between the
network metrics exhibiting signiﬁcant group differences and ADHD
symptoms in the ADHD group. It is important to note that correlation
coefﬁcients reported here should be treated with caution. First, we did
not have any speciﬁc predictions about the exact nodes to relate to
ADHD symptoms and thus, the correlation coefﬁcients do not survive
correction for multiple comparisons. Second, the results are potentially
biased by the fact that the correlation analysis was conducted on the
nodes and their local metrics that already showed between group dif-
ferences (Vul et al., 2009).
Fig. 1. A graphical representation of global graph metrics. Small-worldness parameters (γ, λ and σ± SE), global efﬁciency and clustering (±SE) in the ADHD and control group. No differences
between groups in either γ, λ, σ or global efﬁciency and clustering.
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Lower values of local efﬁciency in left superior temporal gyrus and in
left supramarginal gyrus were associated with higher ADHD symptom
scores. Left superior temporal gyrus negatively correlatedwith adult in-
attention (r(18) =−0.572, p = 0.013) and hyperactivity/impulsivity
(r(18) = −0.476, p = 0.046) symptoms measured using the Kooij
and Buitelaar (1997) questionnaire. Left supramarginal gyrus, showing
lower values of local efﬁciency in the ADHD group, negatively correlated
with ADHD symptoms as measured with the ASR questionnaire
(r(18) =−0.571, p= 0.013).3.4.2. Local clustering
Higher local clustering of right putamen and lower local clustering of
left supramarginal gyrus were associated with more ADHD symptoms.
Right putamen correlatedwith adult hyperactivity/impulsivity symptoms
measured with the Kooij and Buitelaar (1997) questionnaire (r(18) =
0.499, p = 0.035). Left supramarginal gyrus, exhibiting signiﬁcantly
lower local clustering in the ADHD group, correlated negatively with
ADHD symptoms measured with ASR questionnaire (r(18) =−0.571,
p= 0.013).4. Discussion
The current study provides the ﬁrst evidence of alterations in white
matter brain network organization in adults with ADHD using deter-
ministic tractography and graph theoretical analysis. The analyses did
not identify deﬁcits in global network properties, but rather suggest lo-
calized nodal disturbances in adult ADHD.Table 1
Regions showing ADHD-related signiﬁcant changes in local efﬁciency.
Region Hemisphere t value p value
ADHD-related lower nodal efﬁciency
Superior occipital gyrus L 2.21 0.040
Supramarginal gyrus L 2.47 0.018
Superior temporal gyrus L 2.13 0.040
Cerebellum VI L 2.46 0.019
ADHD-related higher nodal efﬁciency
Superior occipital gyrus R −2.91 0.006
Inferior parietal gyrus R −3.06 0.004
t – statistical value indicating a difference between groups (p b 0.05). Positive t value
denotes ADHD-related lower nodal efﬁciency, while the negative t value indicates
ADHD-related signiﬁcant higher nodal efﬁciency. R – right; L – left.4.1. Global network metrics
In both groups structural brain networks exhibited small-world
properties and groups did not differ in global networkmetrics. This sug-
gests that global structural brain network organization is preserved in
adult ADHD. It also adds to the evidence that small-worldness can sur-
vive in psychopathological and neurodevelopmental conditions (Griffa
et al., 2013). Although the ﬁnding of preserved small-worldness in
ADHD is in line with Cao et al. (2013), the absence of ADHD-related al-
terations in other global metrics is not. Cao et al. (2013) found lower
global efﬁciency and greater path length in ADHD, while our results did
not indicate group differences in those metrics. Moreover, our results
contrast with the ﬁndings from other graph analyses of brain function
in ADHD. These indicate that functional brain networks in ADHD are
characterized by increases in local and decreases in global efﬁciency
(Ahmadlou et al., 2012; Fair et al., 2012;Wang et al., 2009). It is however
of importance to note that all these studies included children or adoles-
cents with ADHD. In the only equivalent graph analytic study on adult
ADHD using fMRI data, Cocchi et al. (2012) found that adults with
ADHD did not differ from controls in terms of global network metrics.
Taken together with our ﬁndings, this suggests more localized and
subtle disturbances in adults compared to children with ADHD. Studies
suggest that the maturation of the normal brain is characterized by a
local to distributed trajectory development, which is consistent with
the idea of delayed network maturation in individuals with ADHD
(Dosenbach et al., 2010; Fair et al., 2009). Longitudinal studies are re-
quired to examine the potential developmental delay in individuals
with ADHD.4.2. Local network metrics
We identiﬁedwidespread ADHD-related differences in local efﬁcien-
cy and clustering. This is in line with current models where individual
mental disorders are increasingly associated with deﬁcits in multiple
brain networks (Cao et al., 2013; Cocchi et al., 2012; Cortese et al.,
2012; Rubinov and Bassett, 2011; Xia and He, 2011). We observed
ADHD-related lower local efﬁciency and local clustering in left superior
temporal, supramarginal, superior occipital gyri and posterior cerebel-
lum (lobule VI) (Tables 1 and 2). Additionally, lower local clustering
was also identiﬁed in right angular gyrus. Lower local efﬁciency in left
superior temporal gyrus, a region implicated in attention allocation to
rare stimuli (Rubia et al., 2007; Vaidya, 2012), was associated with
more current symptoms of inattention and hyperactivity/impulsivity.
Furthermore, less local efﬁciency and clustering of left supramarginal
gyrus were associated with higher ADHD scores on the ASR question-
naire. This region is part of a ventral attention system — currently
Fig. 2. Nodes exhibiting signiﬁcant group differences in local efﬁciency and local clustering. The sizes of the spheres are based on local efﬁciency and local clustering estimates in the ADHD
group, blue color represents signiﬁcantly lower local efﬁciency and local clustering in the ADHD group, red color represents signiﬁcantly higher local efﬁciency and local clustering in the
ADHD group. RH – right hemisphere; LH – left hemisphere; x, y, z – anatomical planes.
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attentional shifts and detection of speciﬁc or salient stimuli (Tamm
et al., 2006).
Our results also indicated greater local efﬁciency and clustering in
adults with ADHD. These areas included right inferior parietal and supe-
rior occipital gyri. Additionally, greater local clusteringwas observed in
right inferior frontal gyrus, putamen and thalamus (Tables 1 and 2),
and left inferior parietal gyrus. Moreover, higher local clustering of
right putamen was related to more ADHD symptoms as measured by
the ASR. Generally these areas of disturbed local efﬁciency and/or localTable 2
Regions showing ADHD-related signiﬁcant changes in local clustering.
Region Hemisphere t value p value
ADHD-related lower local clustering
Superior occipital gyrus L 2.39 0.022
Supramarginal gyrus L 2.35 0.024
Angular gyrus R 2.08 0.044
Temporal pole: superior temporal gyrus L 2.10 0.042
Cerebellum IV L 2.59 0.013
ADHD-related higher local clustering
Inferior frontal gyrus, orbital part R −2.58 0.014
Superior occipital gyrus R −2.25 0.030
Inferior parietal gyrus L −2.97 0.005
Putamen R −2.09 0.043
Thalamus R −2.49 0.017
t – statistical value indicating a difference between groups (p b 0.05). Positive t value
denotes ADHD-related lower local clustering, while the negative t value indicates ADHD-
related signiﬁcant higher local clustering. R – right; L – leftclustering are commonly found to exhibit functional and structural alter-
ations in ADHD and (e.g., inferior parietal gyrus, angular gyrus, inferior
frontal gyrus) relate to neuropsychological impairments (Bush, 2010;
van Ewijk et al., 2012). Moreover, previous studies have also shown
ADHD-related lower cortical thickness in temporal and parietal areas,
and volumetric reductions of posterior cerebellum (Krain and
Castellanos, 2006; Proal et al., 2011). In addition, diffuse white matter
alterations in frontal, temporal and parietal areas, involving regions im-
plicated in higher order cognitive and attentional processing, are report-
ed (Cortese et al., 2013; Konrad and Eickhoff, 2010; van Ewijk et al.,
2012). Furthermore, functional disturbances of these regions identiﬁed
by a wide range of task-based (Cortese et al., 2012), and task-free rest-
ing state studies (Posner et al., 2014) have been observed in ADHD. In
addition Ray et al. (2014), suggested that ADHD-related abnormalities
are related to rich-club nodes, encompassing (pre)frontal, anterior (pos-
terior) cingulate, temporal, parietal regions.
Our results point to a tendency for adults with ADHD to exhibit less
nodal efﬁciency and clustering in the left hemisphere, and greater efﬁ-
ciency and clustering predominantly observed in the right hemisphere.
This tendency to show less left lateralized nodal efﬁciency has been pre-
viously reported by Cao et al. (2013) in children with ADHD. Moreover,
Wang et al. (2009) observed higher local efﬁciency of right inferior fron-
tal gyrus while in the current study we found greater local clustering of
the same region. In addition, some functional activation studies also
provide evidence for a right hemisphere dominance in ADHD (Hale
et al., 2006), while others indicate weaker task-related left-lateralized
activation (Kobel et al., 2009; Valera et al., 2005). Hence, these ﬁndings
highlight the potential importance of laterality effects, and are in line
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may indicate abnormal brain development (Giedd et al., 2006).
In addition to parietal and occipital areas, greater local networkmet-
rics in ADHD also included several subcortical regions such as thalamus
and putamen (local clustering). Thalamus and putamen (part of stria-
tum) have previously been implicated in ADHD in terms of weaker con-
nections with cortical regions and activation abnormalities (Clerkin
et al., 2013; Kasparek et al., 2013; Mills et al., 2012). Those disturbances
have been suggested to relate to higher cognitive processes, such as cog-
nitive ﬂexibility, working memory and attentional processes (Kimura
et al., 2004; van Schouwenburg et al., 2014). Thus, the current ﬁndings
add to the existing literature by indicating a greater segregation of thala-
mus and putamen in adults with ADHD.
5. Limitations
In the current study a deterministic tractography approach was ap-
plied to construct structural brain networks (Basser et al., 2000; Mori
and van Zijl, 2002). Although, this method is widely used, it has a limit-
ed capacity of ﬁber tracking in the brain regions that comprise so-called
“crossing ﬁbers” (Gong et al., 2009; Jeurissen et al., 2011; Tournier et al.,
2011). Hence, more advanced acquisition methods such as, diffusion
spectrum magnetic resonance imaging (DSI; Wedeen et al., 2008) or
high angular resolution diffusion imaging (HARDI; Hess et al., 2006),
that allow the reconstruction of multiple ﬁber orientations could be
considered. Another limiting factor of deterministic ﬁber tractography
is the uncertainty about the reliability of the reconstructed trajectory,
especially in brain areas in close to gray matter (Mukherjee et al.,
2008; Prčkovska et al., 2013). Thus the probabilistic tractography algo-
rithm, which takes direction-uncertainty into account could be con-
sidered in the future (Jones, 2008). Moreover, in the current study
subject-speciﬁc ﬁeld maps were not generated and thus could not be
employed to aid the correction for geometrical distortion. Nevertheless,
this is an important aspect and it should be addressed in future studies
(Glasser et al., 2013; Sotiropoulos et al., 2013). Furthermore, it must be
noted that network metrics in the current study were calculated based
on binary connectivity matrices which may limit the interpretation of
results. Therefore, future studies should also explore these results
using weighted connectivity matrices. Moreover, although we applied
AUC-correction for the number of density steps, we did not correct for
the number of regions and thus, the results should be treated with cau-
tion.We did not take into account the history and duration of stimulant
medication use, whichmay have an effect on brain's microstructural or-
ganization of the ADHD group and should be addressed by future re-
search (Shaw et al., 2009).
6. Conclusions
Despite these limitations, our results, for the ﬁrst time, indicate that
structural brain networks in adult ADHD display widespread localized
disturbances in regions implicated in cognitive and attentional control
but are normal in terms of their global organization. This contrasts to
the global disturbances observed in children with ADHD.
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